Floodplain ecosystems offer valuable carbon sequestration potential. In comparison to other terrestrial ecosystems, riparian forests have a considerably higher storage capacity for organic carbon (C org ). However, a scientific foundation for the creation of large-scale maps that show the spatial distribution of C org is still lacking. In this paper we explore a machine learning approach using remote sensing and additional geographic data for an area-wide high-resolution estimation of C org stock distribution and evaluate the relevance of individual geofactors. The research area is the Danube Floodplain National Park in Austria, one of the very few pristine riparian habitats left in Central Europe. Two satellite images (Ikonos and RapidEye), historical and current topographic maps, a digital elevation model (DEM), and mean groundwater level (MGW) were included. We compared classifications of C org stocks in vegetation, soils, and total biomass based on two, three, four, and five classes. The results showed that a spatial model of C org in riparian forests can be generated by using a combination of object-based image analysis (OBIA) and classification and regression trees (CART) algorithm. The complexity of floodplains, where patterns of C org distribution are inherently difficult to define, clearly exacerbated the challenge of achieving high classification accuracy. In assessing the relevance of individual geofactors, we found that remote sensing parameters are more important for the classification of C org in vegetation, whereas parameters from auxiliary geodata, e.g. elevation or historical riverbeds, have more influence for the classification of soil C org stocks. This was also confirmed by a comparative linear multiple regression analysis.
image analysis (OBIA) (KOLLÁR et al. 2011 , ROKITNICKI-WOJCIK et al. 2011 , WAGNER 2009 have been used for mapping of wetland habitats. However, these studies related to the differentiation of vegetation classes and did not focus on the assessment of biomass or C org .
In addition, various remote sensing analyses of C org stocks have been done for nonfloodplain habitats, but most of these studies have focused either on C org stocks in soil (BEHRENS & SCHOLTEN 2006 , MCBRATNEY et al. 2003 or in vegetation (AWAYA et al. 2004 , HILKER et al. 2008 , OLOFSSON et al. 2008 ). So far, no studies on the estimation of total C org stocks in riparian forests have been done. And despite advances in remote sensing and geodata analysis, these techniques have not yet been applied to the analysis and estimation of area-wide C org stocks in floodplains. GOETZ et al. (2009) distinguished three approaches for using remote sensing data to map carbon stocks. In the simplest method, the stratify and multiply (SM) approach, e.g. as used by MAYAUX et al. (2004) or SUCHEN- WIRTH et al. (2012) , a single value or a range of values is assigned to each class of land cover, vegetation type, or other site characteristic. This approach is limited due to the range of biomass within any given thematic class and the ambiguities concerning the identification of given types. The second approach, combine and assign (CA), extends the SM approach to a wider range of spatial data to improve classifications (GIBBS et al. 2007) . It has the advantage of using finer spatial units of aggregation and weighted data layers, but is limited due to the moot representativeness of class values and difficulties in acquiring consistent information as the study area size increases. The third approach, direct remote sensing (DR), uses machine learning techniques and extends satellite measurements directly to maps, i.e., a classification algorithm is trained to develop an optimized set of rules through iterative repeated data analysis (BREIMAN 2001) for the estimation of biomass and carbon (BACCINI et al. 2012 ). This approach results in continuous values for biomass based on easily understandable rules, such as those described for the Amazon basin (SAATCHI et al. 2007 ), Russian forests ), or the African continent (WILLIAMS et al. 2007 ).
Introduction
Floodplain ecosystems offer valuable carbon sequestration potential. Riparian forests have a considerably higher storage capacity for organic carbon (C org ) than other terrestrial ecosystems (CIERJACKS et al. 2010 , HOFFMANN et al. 2009 , MITRA et al. 2005 . Among the different floodplain compartments, it is essential to pay special attention to riparian forest vegetation, but also to soils, which often dominate C org pools (BARITZ et al. 2010 , HARRISON et al. 1995 , HOFMANN & ANDERS 1996 , KOOCH et al. 2012 , LAL 2005 .
Despite the importance of floodplains for carbon sequestration, a scientific foundation for creating large-scale maps showing the spatial distribution of C org is still lacking. Carbon distribution can be mapped at a global or national level, but regional validation is usually not available (GIBBS et al. 2007 , GROOM-BRIDGE & JENKINS 2002 , UNEP-WCMC 2008 . In particular, there are no maps showing the actual allocation of the C org storage within riparian soils and vegetation at the local or regional level. Various studies have focussed on C org stocks in ecosystems, such as in alder fens (BUSSE & GUNKEL 2002) , coastal plain floodplains (GIESE et al. 2000) , boreal lakes in Ontario (HAZLETT et al. 2005) or timber plantations in Scandinavia (BACKÉUS et al. 2005 , CAO et al. 2010 . In tropical and subtropical wetlands there has been research on mangroves and shrimp farms in Thailand (MATSUI et al. 2009) , seasonal sequestration in the Okavango delta (MITSCH et al. 2010) and Panama (GRIMM et al. 2008) . CIERJACKS et al. (2011) provided statistical models on the spatial distribution of C org stocks in Danubian floodplain vegetation and soils. RHEINHARDT et al. (2012) used indicators based on the distance to river for biomass estimations in a river system in North Carolina. However, these studies rely on data collected by cost-intensive field surveys. For improving the estimation of C org , including larger or less accessible wetland and riparian areas, combined methods of remote sensing, geographic information systems (GIS) and machine learning are promising techniques.
A wide range of remote sensing methods (FARID et al. 2008 , MUNYATI 2000 , OZESMI & BAUER 2002 and in particular object-based
Materials and Methods

Research Area
The research area has a size of 11.3 km 2 and is situated within the Danube Floodplain National Park (Nationalpark Donau-Auen) in Austria (16.66°E, 48.14°N). The national park is located between the Austrian capital Vienna and the Slovak capital Bratislava and stretches along the river Danube for about 36 km (Fig. 1) . The river has an average width of about 350 m, and the banks are generally fixed by riprap. Only a few human impacts on the area happened apart from the construction of the Hubertusdamm dike in the 19 th century to protect areas on the northern riverbank from inundation. In the 1960s, natural forest structures were altered by widespread planting of hybrid poplars (Populus x canadensis), especially on the southern riverbank. In 1996, the area was declared a national park, and thus commercial enterprises were banned within its precincts. Despite of the mentioned human interventions, the area remains one of the last large pristine riparian habitats in Central Europe and has been recognized by the International Union for Conservation of Nature (IUCN) as a Riverine Wetlands National Park, Category II.
The national park's environmental features include the secondary streams (the Danube river itself is an international waterway), side channels and oxbow lakes, gravel banks, riparian forests and meadows, reed beds and xeric habitats. Within the forests, we can dif- et al. (2012) used remote sensing data and a digital elevation model to map carbon densities in a floodplain. They used an OBIA approach to classify vegetation types. The total carbon storage of soils and vegetation was quantified using a Monte-Carlo simulation for all classified vegetation types, and spatial distribution was mapped.
SUCHENWIRTH
We want to improve this method by including additional data and using a machine learning technique. Due to the complexity of the spatial distribution of C org in the Danube floodplains (CIERJACKS et al. 2010 , 2011 , SUCHENWIRTH et al. 2012 , and the amount, variety, and variable consistency of available data, our goal is to establish a machine learning approach for an area-wide modeling of C org stocks. To include remote sensing data and several additional geodata, we chose a classification and regression tree (CART) approach (BREIMAN et al. 1984 , LOH 2011 .
The specific aims of this paper are as follows:
(1) to evaluate a machine learning algorithm (CART) for estimating and mapping C org stocks in vegetation (C org_veg ), soil (C org_soil ) and total biomass (vegetation, soil and deadwood; C org_tot ) in riparian forests based on classification accuracies, and (2) to rank the parameters in terms of their ability to predict C org . the height above ground has been included in the knowledge-base. The following vegetation types were determined by OBIA from the Ikonos image and the DEM: meadow, reed bed, cottonwood, softwood and hardwood forests (SUCHENWIRTH et al. 2012 ).
Historical Fig. 1 ]. All data were collected in a stratified randomized sampling design throughout the research area in 10 x 10 m plots. In each sample plot, forest stand structure was measured and soil samples were taken. A detailed description of the C org calculation is given by CIERJACKS et al. (2010) and RIEGER et al. (2013) . These data were randomly separated in training data (70 %) and test data (30 %) for the classification.
Methods
We developed a spatial model for the estimation and mapping of C org stocks in soils and vegetation based on a machine learning algorithm. For this, we chose a classification and regression tree (CART) approach. CART creates classification rules in the shape of a decision tree. Decision trees show hierarchical rules according to which a dataset is classified. At the beginning of a decision tree is the basic population of the data. During the classification process, the dataset is divided according to binary rules (BREIMAN et al. 1984 , LOH 2011 , QUINLAN 1986 . The advantages of CART include the flexibility to handle a broad ferentiate between hardwood forest (dominated by quercus robur, fraxinus excelsior and acer campestre), softwood forest (dominated by salix alba and acer negundo) and cottonwood forest (consisting of hybrid poplar plantations of the 1960ies) (CIERJACKS et al. 2010) . The main soil type is haplic fluvisol (calcaric). Calcaric gleysols are less important. The climate is continental with a mean annual temperature of 9.8°C and a mean annual precipitation of 533 mm [Schwechat climate station, 48°07' N, 16°34' E, 184 m above sea level (ZAMG 2002) ].
The mean carbon storage in the area was estimated as 359.1 Mg C ha -1 (472,186 Mg in an area of 13.1 km 
Data
The following available comprehensive data from the research area were included in the analysis: two very high spatial resolution (VHSR) satellite images from Ikonos and RapidEye sensor, historical and current topographic maps, a digital elevation model (DEM), and data on the mean groundwater level (MGW).
We purchased a preprocessed cloudfree Ikonos 2 image, recorded on April 22, 2009 with a spatial resolution of 1.0 m (panchromatic) and 4 m (multispectral), as well as a satellite image from RapidEye recorded on August 1, 2009 and processed at L3A with a spatial resolution of 5.0 m (multispectral), provided by the German Aerospace Centre. Both images were provided in the UTM WGS 1984 projected coordinate system and were reprojected into the Austrian MGI M34 projected coordinate system. We used this local system as the majority of local data was also projected in this way.
In addition to the spectral values, several ratios and texture parameters (HARALICK et al. 1973) were calculated (Tab. 1). A digital elevation model derived from lidar data was used to compute height and slope. Increased slope values can suggest former riverbeds of the main stream or overgrown side channels, which can serve as an indicator of softwood (SUCHENWIRTH et al. 2012) , which cannot be detected directly through spectral values. Also spectral band of the RapidEye and Ikonos satellite imagery, as well as each additional geodata layer was weighted equally. However, calculated indices or ratios were not further weighted. Equal segmentation settings were used for all classifications in order to facilitate the comparability of area units among the classifications.
The internal CART algorithm was trained with the respective quantile classes and applied onto the parameters using the "classifier" tool in the software package eCognition 8.7.1, with a classifier depth of 10, a minimum sample count of 6 and 9 cross validation folds.
To evaluate the accuracy of the individual classifications, we calculated the overall accuracy (OA). We additionally decided to follow the suggestions of PONTIUS & MILLONES (2011) who recommend the use of allocation and quantity disagreement for accuracy assessment rather than the use of kappa. The two measures are described as follows: a) Allocation disagreement (AD) is the number of pixels that have a less than optimal spatial allocation in the comparison map with respect to the reference map. Allocation disagreement is the distance above the quantity disagreement line. b) Quantity disagreement (QD) is the absolute difference between the number of pixels of a certain class in the reference map and the number of pixels of the same class in the comparison map.
The lower the values of allocation and quantity disagreement, the better is the accurange of response types, such as numeric and categorical data, the ease and robustness of construction, and the ease of interpretation (DE'ATH & FABRICIUS 2000) .
For our work, we used the software package eCognition 8.7.1. It allowed us to combine CART and OBIA and thus make use of the vast amount of data including remote sensing and other spatially continuous geodata. OBIA has been successfully applied to classifications of diverse habitats from wetlands (KOLLÁR et al. 2011 , ROKITNICKI-WOJCIK et al. 2011 ) and floodplains (WAGNER 2009) to forests (CHUBEY et al. 2006 ) and drylands (LALIBERTE et al. 2007 ). The CART approach in eCognition is based on the original algorithms described by BREI- MAN et al. (1984) and has been implemented by the OPENCV-WIKI (2010) and eCognition (ECOGNITION 2012) .
The ground survey dataset containing total carbon stocks was grouped into classes (Tab. 2) as were the separate stocks for vegetation and soil. We compared classifications of above ground biomass (C org_veg ), below ground biomass for soil depth up to 1 m (C org_soil ) and total carbon stocks (C org_tot ) using classifications based on two, three, four and five quantile classes. We used quantiles in order to have equal numbers of samples for each class. We applied this approach for different numbers of classes to define an optimum number of classes with acceptable classification accuracy.
The OBIA was performed on a multiresolution segmentation with a scale parameter of 200 and the homogeneity criterion including a shape of 0.1 and a compactness of 0.5. Each Tab. 2: C org ranges (Mg C org ha -1 ) for C org_veg , C org_soil , and C org_tot stocks for different numbers of classes.
class Five quantile classes Four quantile classes Three quantile classes Two quantile classes normalized by the total number of the available parameters of a certain dataset. ERASMI et al. (2013) described the concept as "normalized importance".
Results
Modelled C org Distribution and Accuracies
Fig . 2 shows the classification results in the form of maps for a part of the research area. The subset comprises all classes and all environmental features inside the research area.
We can see that C org_veg stocks are equally scattered across the area, while C org_soil stocks increase as the distance to the river increases.
racy. Both disagreement values are calculated as percentages. Furthermore, we calculated for each classification the root-mean-square error (RMSE), frequently used to check the internal model quality with the advantage of being independent of the number of used classes (KANEVSKI et al. 2009 , RICHTER et al. 2012 ). For our application, we used the arithmetic mean of each class (of the training plots) as the estimated value, and used the terrestrial value of each test plot as the measured value.
To calculate the relevance of the individual datasets, we summarized the use frequency of the individual parameters, normalized by the overall sum of all use frequencies. Additionally, we considered how many parameters derived from a specific dataset were applied, curacies for C org_veg , C org_soil , and C org_tot stocks revealed that the accuracy is highest for two classes and lowest for five classes (Fig. 3) . Models with three or four classes range in between and represent a good compromise between complexity and acceptable accuracy.
The influence is less visible for C org_tot but can still be seen for a classification with four classes.
We compared the derived accuracies (OA, AD, QD) for C org_veg , C org_soil , and C org_tot stocks for all numbers of classes (Fig. 3) , as well as RMSE. The comparison of classification ac- For DEM parameters relevance ranged from 0 % (C org_veg three classes; C org_soil five classes) to the highest overall share of 52.1 % (C org_soil two classes). The MGW reached the highest parameter relevance for all classification runs (32.7 % / 18.3 % / 26.2 %), with the relevance ranging from 0 % (C org_soil two and four classes; C org_tot five classes) to 43.2 % (C org_tot two classes). For the "distance to river" parameter, the relevance ranged from 0 % (C org_soil two and four classes) to 50.4 % (C org_soil five classes), with this parameter achieving greater relevance when greater numbers of classes are used. For the parameters based on the existence of historical riverbeds, the relevance ranged from 0 % (C org_veg two, three and four classes; C org_soil five classes; C org_tot two, four and five classes) to 36.0 % (C org_soil two classes), and was important only when classifying C org_soil classes.
To illustrate the importance of single parameters, Figs 5a-c give an exemplary insight of the parameter relevance of classifications with four classes for C org_veg , C org_soil , and C org_tot . For C org_veg , there are 16 parameters (RapidEye: 6; texture: 4; Ikonos: 2; DEM: 2; MGW and distance: 1 each), where the index b4db2 (i.e. RapidEye's RedEdge divided by green channel) is the most important with more than 23 %. For C org_soil , there are eleven With regard to the model quality, we can examine Fig. 4 . Classifications with fewer classes show higher RMSE values, e.g. more than 90 for C org_tot two quantile classes, than classifications with more classes. The lowest RMSE values are below 25 for C org_soil with four classes and C org_tot with four classes.
Parameter Relevance
In the following we analyze the use frequency of the individual datasets and parameters. Tab. 3 shows the results for classifications with all quantile classes for C org_veg , C org_soil and C org_tot .
For RapidEye parameters, the relevance ranged from 3.6 % (C org_soil two classes) to 25.6 % (C org_tot five classes). As the number of classes grows, the parameter relevance rises. For texture parameters, the relevance ranged from 4.6 % (C org_soil 5 classes) to 29.5 % (C org_ veg four classes) with no clear indication of which number of classes provided the best results. The overall parameter relevance for Ikonos was lower. It ranged from 0 % (C org_ soil two or three classes) to 9.6 % (C org_veg two classes) which could be explained by the acquisition date of April, when full leaf-out had not occurred yet.
Tab. 3:
Dataset relevance for classifications of C org_veg , C org_soil , and C org_tot stocks. ta serve as proxies for recent environmental conditions that control vegetation properties. Soil organic matter, in contrast, can accumulate over hundreds of years. Thus relations of C org_soil stocks to recent environmental conditions might not be expected. It is likely that the variations in C org_soil stocks found in our study are mainly due to variations in the C org stocks of the upper soil horizons, which in turn are affected by recent environmental conditions. Furthermore, the position of historic riverbeds, a parameter with strong and long-lasting influence on soil organic matter content, was considered (Figs. 3 and 5b) .
RapidEye
Predictably, an increase in the number of classes goes along with a more speckled appearance of the classification and overall accuracy decreases. Here, we have to keep in mind that a classification with fewer classes will automatically result in higher accuracy, and therefore the differences simply reflect the higher chance of misclassifications.
Similarly to the overall accuracy, allocation disagreement as well as quantity disagreement values decreased, i.e., the accuracy improved, with fewer classes. An exception is the very high quantity disagreement value for C org_veg based on two classes.
The RMSEs (Fig. 4) provides a measure independent of the number of used classes. The RMSEs "mirror" the results of accuracy assessment, with lower RMSEs for classifications with higher class numbers. Especially for C org_soil accuracies.
For assessing the performance of the CART approach we also compared our results with a linear multiple regression analysis for estimating C org_soil , C org_veg , and C org_tot . Results showed that for C org_soil regression (model intercept p = 0.0069; F = 3.3789) groundwater level was the most important parameter (p = 0.0177; y = -11.275x + 1833.4; R 2 = 0.8657). For C org_tot regression (model intercept p = 2.3833 -9 ; F = 6.5114), the green RapidEye channel (p = 0.0145; y = -0.0756x + 584.28; R 2 = 0.5619) and the red Ikonos channel (p = 0.0188; y = -0.4198x + 426.33; R 2 = 0.5244) were the most important parameters.
For C org_veg regression (model intercept p = 1.7728 -6 ; F= 7.7927), the green RapidEye channel (p = 0.0099; y = -0.0482x + 335.83; R 2 = 0.5301) and red Ikonos channel (p = 0.0081; parameters (RapidEye: 4; texture: 2; Ikonos: 2; historical maps: 2; DEM: 1), of which hist3 (existence of riverbed between 1868 to 1880) is the most relevant with almost 20 %. For C org_ tot , there are in total nine parameters (RapidEye: 2; texture: 3; Ikonos: 1; MGW, DEM and distance: 1 each), of which b2mb1 (RapidEye's green channel minus blue channel) is the most important one with more than 22 %.
Discussion
Classification Results and Accuracies
Our study provides a novel technique for the estimation and mapping of C org stocks in floodplains based on remote sensing and additional geodata. It could be used to generate C org inventories in other temperate wetlands, especially forested floodplains where ground assessment is difficult or impossible. The visualization of the individual classes shows complex distribution patterns of C org stocks. Despite of the cluttered structure and the heterogeneous distribution within the different classes, the majority of classifications show that higher C org_soil stocks have developed at a certain distance to the main riverbed of the Danube and its side arms. This is best illustrated by classifications with two but also four classes of C org_soil . These lateral gradients were also described by CIERJACKS et al. (2010 CIERJACKS et al. ( , 2011 . In comparison, the patterns of C org_veg and C org_tot were less predictable. Classifications are very speckled for every model and a fully consistent classification is difficult due to the type of the terrain. This reflects the complexity of floodplain habitats in general, and the detailed intricacy of riparian C org stocks in particular and also has been shown by SAMARITA- NI et al. (2011) and SUCHENWIRTH et al. (2012) . For the particular case of the Danube floodplain, this may also be related to the widespread planting of hybrid poplars in the 1960s, which altered the natural vegetation structure of hardwood and softwood forests. Surprisingly, the accuracy of the C org_soil stock models was similar to the accuracy of the C org_veg stock models. Predictive variables derived from remote sensing and other geoda-accuracy is higher in comparison to a model with five classes, but the complexity is better represented than in a plain dichotomy of data and space created by merely two classes. DILLABAUGH & KING (2008) found an optimal number of three classes for their classifications of biomass in riparian marshes in Ontario.
Regarding our first research aim, a model approach with four classes seems to perform best. However, the concept of applying segregative classes remains to a certain extent debatable. Therefore, an approach with classes based on fuzzy logic (ZADEH 1989) should be considered in future works to improve the predictive capability of the C org model.
A general point of criticism might apply to the question of why to classify a continuous variable with separate classes. Even though a continuous regression may seem more appropriate, we wanted to create statistically set classes and to follow the concept of different C org concentrations in different compartments of the floodplains. For further planning applications, the regional managers would always apply an ordinal scale, e.g. high, medium, low. The provision of an estimate about the optimal class size for C org might be valuable in terms of its practical application.
A further point of debate remains the sampling design. The random division of terrestrial survey data into 70 % training data and 30 % test data and repeated analysis would probably provide a better estimate about the uncertainties within the calibration and validation data. Repeated measurements could give an insight into the quality of the cal/val information and, in consequence, provide knowledge about the optimal sampling size and spatial distribution of these data. In further analysing steps a repeated calculation with varying samples is envisaged.
Use of Parameters
Regarding the application of parameters and their use frequency, classification of C org_veg relied to a higher percentage on remotely sensed parameters like RapidEye, Texture, and Ikonos than did the classification of C org_soil or C org_tot stocks. y = -0.3752x + 208.54; R 2 = 0.5562) have the highest importance among the parameters.
The regression confirms our findings that remote sensing parameters are more important for the classification of C org_veg , whereas parameters from auxiliary geodata have more influence on the classification of C org_soil stocks.
It is worth discussing whether and which other additional parameters should be taken into consideration for the detection and modelling of C org distributions in floodplains. Data on forest management practices or local sinks may be considered but were not available on a spatially inclusive and comprehensive level.
In general, ROCCHINI et al. (2013) argue that the classification of remotely sensed images for the derivation of ecosystem-related maps which also includes the estimation of C org is commonly based on clustering of spatial entities within a spectral space with the implication that it is possible to divide the gradual variability of the Earth's surface into a finite number of discrete non-overlapping classes, which are exhaustively defined and mutually exclusive. Given the continuous nature of many ecosystem properties this approach is often inappropriate; especially as standard data processing and image classification methods involve the loss of information as continuous quantitative spectral information is being degraded into a set of discrete classes. There may also be concerns about the reliability of terrestrial data. Error propagation may always be a source of uncertainty for the mapping of ecosystems (ROCCHINI et al. 2013) . Our basic survey data have been collected very densely and thoroughly, but transferability to other terrains may become challenging.
Overall, we can conclude that the detection of floodplain characteristics is a challenging task. As for the appropriate number of classes, we consider three or four to be optimal. The soil characteristics can only be explained indirectly through vegetation. This is due to the fact that C org_soil reflects not only recent vegetation, but accumulations over centuries. This is reflected in the high relevance of historical maps for this factor (Fig. 5b) which emphasizes the potential of soils to serve as a memory of previous site conditions, such as historical inundations and changes in riverbeds that often occurred prior to present-day land management practices.
Conclusion and Outlook
Our study provides a machine learning approach to model C org stock distributions in riparian forests. We aimed to evaluate a machine learning algorithm (CART) and determine the relevance of individual variables derived from the geodata for the estimation.
Overall, a spatial model of C org in riparian forests could be generated using CART. With the use of geographic datasets, it was possible to show the spatial distribution in terms of a cartographic representation generated by classification. Yet, classification accuracy remains a challenge due to the high complexity of floodplains where patterns of C org distribution are inherently difficult to define.
The evaluation of the relevance of the individual parameters derived from the geodata revealed that remote sensing parameters are more important for the classification of C org_veg , than for the classification of C org_soil . This is also the case for MGW and the distance to the river. In contrast, parameters derived from auxiliary geodata such as DEM and historical maps were more decisive for the classification of C org_soil than C org_veg . C org_tot stocks fell in between in terms of application frequency of remote sensing and other parameters. Therefore, depending on the target (C org_soil or C org_veg ), different parameters should be considered when analyzing the spatial distribution of carbon storage.
The application of data-mining approaches to remote sensing and other geodata is helping to automate and facilitate estimations of C org in riparian forests. In addition, information on vegetation structure might improve the C org_soil model. Each classification model The fact that remotely sensed parameters, especially RapidEye parameters, are the most important factors for the classification of C org_veg provides further evidence of the relevance of satellite imagery for the estimation of biomass, including C org (GIBBS et al. 2007 , NEEFF et al. 2005 , RHEINHARDT et al. 2012 . SCHUSTER et al. (2012) in particular proved the special relevance of the RedEdge channel for vegetation classification. It is nevertheless remarkable that MGW and the distance to the river played a more dominant role in the classification of C org_veg and C org_tot stocks than C org_soil stocks, although one could assume that median groundwater would be a comparatively less decisive factor for vegetation than for soil biomass and resulting C org . Still, similar findings for fine-root and above-ground biomass which also clearly reflected groundwater depths in the same study area support our results (RIEGER et al. 2013) . For the case of distance to river, the differences within the parameter relevance (Fig. 5b) for C org_soil is a specific characteristic and shows the variability of classification models. While remotely sensed parameters play the dominant role in all classifications, it is striking that the most important parameter for the C org_soil classification are the historical riverbeds (Figs. 5a-c) .
The case is different for the classification of C org_soil stocks, where remote sensing based rules had in some cases less than 50 % influence towards the classification. In contrast, the application frequency of DEM and historical riverbeds -parameters not derived from remote sensing -was more common for the classifications of C org_soil compared to C org_veg . These parameters have already been used successfully in other studies (CIERJACKS et al. 2011 , SAMARITANI et al. 2011 ) to determine C org stocks. Concerning the use of historical maps, it should be kept in mind that our maps only provide information on roughly the last 250 years, whereas C org stocks in soil are the consequence of geomorphologic and pedogenetic processes that have taken place over centuries and millennia.
In general, the assessment of the relevance of individual parameters for the C org model showed that spectral information from remote sensing provides direct information about above ground biomass, while information on highlights the complex interrelations between C org stocks and the external geofactors. In particular, vegetation cover and resulting C org_veg seems to reflect recent site conditions while C org_soil reflects both recent conditions and past processes. In this way, our model contributes to a better understanding of the importance and relationships of C org cycling in floodplain ecosystems. Consequently, this work may serve as a local case study for a well and densely-surveyed area and contribute to improve methods of C org estimation and monitoring in other floodplain areas with similar conditions in temperate climates. It might help to improve formal frameworks such as European biomass inventory (GALLAUN et al. 2010) , REDD, and Kyoto protocols (BÖTTCHER et al. 2009 , IPCC 2000 , OBERSTEINER et al. 2009 , PAOLI et al. 2010 , UNEP-WCMC 2008 .
